In this paper we propose a general approach for estimating stochastic frontier models, suitable when using long panel data sets. We measure e¢ ciency as a linear combination of a …nite number of unobservable common factors, having coe¢ cients that vary across …rms, plus a time-invariant component. We adopt recently developed econometric techniques for large, cross sectionally correlated, non-stationary panel data models to estimate the frontier function. Given the long time span of the panel, we investigate whether the variables, including the unobservable common factors, are non-stationary, and, if so, whether they are cointegrated.
Introduction
The literature on the measurement of productive e¢ ciency of …rms using econometric approaches is relatively large and well documented. In the past two decades, empirical studies have been increasingly using panel data sets for the estimation of stochastic frontier models, since they overcome some limitations of models based on cross-sectional data (MurilloZamorano (2004) , Greene (2008) ). A wide range of assumptions on the e¢ ciency component have been proposed, that are needed for measuring e¢ ciency and disentangle it from the random noise (Porcelli (2009)) . A number of studies model e¢ ciency as a stochastic variable, often assumed to have a one-sided distribution and independent of the explanatory variables (inputs, input prices, outputs etc.) (e.g. Aigner, Lovell, and Schmidt (1977) , Battese and Coelli (1992) , and Greene (2005b) ). More recent studies try to relax strong distributional assumptions on the e¢ ciency term, by proposing general speci…cations where the level of productive e¢ ciency can be correlated with the inputs, and is characterised by complicated, time-varying, functions, such as dynamic, partial adjustment processes (e.g., Park, Sickles, and Simar (2003) ), factor models (e.g., Ahn, Lee, and Schmidt (2007) ), semi-parametric or non-parametric functions (Kneip, Sickles, and Song (2003) ). Generally, all these stochastic frontier models have been developed for short panel data sets, i.e. using variables observed over a relatively short period of time, generally lower than 10-15 time periods. On the contrary, only few studies estimate stochastic frontier models using long panels, i.e., data set where the time series dimension (T ) and cross-section dimension (N ) are relatively large (T and N larger then 20) (e.g., Mastromarco, Serlenga, and Shin (2009) , Hsu, Lin, and Yin (2012) , and Mastromarco, Serlenga, and Shin (2013) ).
Recently, a growing literature on panel time series econometrics has introduced new methods for estimating long, possibly non-stationary panels, also allowing for contemporaneous correlation in the errors (Bai and Ng (2004) , Pesaran (2006) , Kapetanios and Pesaran (2007) , Bai (2009) , and Bai and Carrion-i-Silvestre (2013) ). In this paper, we draw from this literature to propose a new general approach for estimating stochastic frontier models, suitable for long panel data sets. We assume that our frontier function is a panel data regression model with group e¤ects, group-speci…c linear trends, and a multifactor structure. Hence, we proxy …rm's e¢ ciency by a linear combination of a …nite number of unobservable time e¤ects, or common factors, having coe¢ cients that vary across …rms, plus a time-invariant component. The advantage of such speci…cation relative to other approaches when modelling e¢ ciency, is that the estimation of e¢ ciency scores does not require strong distributional assumptions on the common factors and their loadings. Moreover, in panel data covering a relatively long time period, the variables, including the unobservable common factors, are potentially non-stationary. It is well know that ignoring non-stationarity of the variables leads to spurious statistical results under the Ordinary Least Squares (Engle and Granger (1987) ). Non-stationarity of the time-varying e¢ ciency components may exist if, for example, technical e¢ ciencies measured in various …rms do not converge over time (Ahn and Sickles (2000) ). Some …rms may experience sluggish adoption of new technologies, leading to low e¢ ciency …rms not catching up or converging to the frontier with high e¢ ciency …rms. On the contrary, stationarity may occur when e¢ ciencies observed in laggard …rms catch up in the long run, for example thanks technological di¤usion (see Cornwell and Wachter (1999) for a discussion). Hence, in this paper we adopt recently developed econometric techniques for large, cross-sectionally correlated, non-stationary panel data models by Pesaran (2006) , Bai (2009) and Bai and Carrion-i-Silvestre (2013) to investigate whether the variables, including the unobservable common factors, are non-stationary, and, if so, whether they are cointegrated. Existing literature has used cross-section averages to proxy unobservable common factors in stochastic frontier models with a multifactor structure (Mastromarco, Serlenga, and Shin (2009) ). However, as discussed later on (see Section 2), while this approach delivers consistent estimates of the slope coe¢ cients, estimation of the unobservable common factors and their loadings through the cross-section averages is more problematic. Hence, di¤erently from this literature, in this paper, we adopt Bai (2009)'s principal components approach to consistently estimate common factors and attached loadings. Given the possible non-stationarity of data, following Bai and Carrion-i-Silvestre (2013), we estimate common factors and residuals from data expressed in …rst di¤erence. Hence, we re-cumulate these estimated quantities and use them to construct statistics to test for cointegration. The main contribution of this paper respect to previous studies is to provide an econometric approach for the estimation of cost and production stochastic frontier models using long panels that allow to consistently estimate the unobservable common factors, whether or not they are integrated, under a set of broad regularity conditions.
Our econometric approach can be adopted for estimating a production or a cost frontier function, using data sets at the …rm's or country level. In this paper, to empirically illustrate our procedure, we estimate a stochastic frontier model for energy demand using aggregate data for a sample of OECD countries. Following Filippini and Hunt (2011) , we control for variables that are known to impact on energy consumption, such as Gross Domestic Product, energy price, climate and technological progress. In the computation of our e¢ ciency score, we follow Farsi, Filippini, and Kuenzle (2005) and Filippini and Hunt (2012) and apply the Mundlak (1978) 's adjustment to sweep out e¢ ciency from time-invariant heterogeneity. This paper is organised as follows. Section 2 brie ‡y reviews the literature on stochastic frontier modelling using panel data. Section 3 illustrates the main features of our model and summarises the estimation strategy. Section 4 describes the data while Section 5 comments on the empirical results. Finally, Section 6 concludes.
Stochastic frontier modelling using panels
In this section we illustrate some econometric approaches to estimate stochastic frontier models using panel data. We discuss these models using an energy demand frontier function introduced by Filippini and Hunt (2011) . A country total aggregate energy demand is derived from the demand for several energy services used in an economy, all of which are produced by combining capital, energy and labour (Filippini and Hunt (2011) ). Accordingly, suppose that the energy demand in country i at time t, E it , with i = 1; 2; :::; N and t = 1; 2; :::; T , follows
where X it is a set of country-speci…c characteristics that impact on energy consumption, w it captures the stochastic nature of the frontier, and it it is the level of 'underlying energy e¢ ciency'. One standard assumption in the literature is that there exists a log-linear relationship amongst the variables E it and X it , so that
where e it = ln(E it ), x it = ln(X it ) is a k-dimensional vector, and " it is a random error. It is then assumed that " it consists of two components
where v it = ln(w it ) is an idiosyncratic noise, while u it = ln( it ) represents the underlying energy level of e¢ ciency, and can be interpreted as an indicator of the ine¢ cient use of energy.
1
A number of alternative assumptions on u it have been suggested in the literature, needed to identify the ine¢ ciency component and disentangle it from the idiosyncratic noise. One of the most popular assumptions is that u it is a one side non-negative IID disturbance term, often taken to be distributed as a half-normal or a truncated normal (Aigner, Lovell, and Schmidt (1977) ). A further widely used speci…cation for the ine¢ ciency component is that it is made up of three …rm-speci…c terms, a time-invariant …rm e¤ect, a linear and a quadratic time trend (Cornwell, Schmidt, and Sickles (1990) ). Battese and Coelli (1992) assume that u it varies over time as a linear function of a set of explanatory variables. Greene (2005b) and Greene (2005a) propose to add to model (2) a random individual e¤ect that accounts for all time-invariant, unobserved socio-economic and environmental characteristics, and interpret the residual term, u it , assumed to be half normal or truncated normal, as ine¢ ciency component. This model, known as true random e¤ects, is therefore able to di¤erentiate unobserved heterogeneity from time-varying ine¢ ciency. However, this model excludes from the ine¢ ciency estimates the persistent component, i.e. that part of ine¢ ciency that remains constant over time. The true random e¤ects model may also su¤er from endogeneity problems, due to the potential correlation between the group e¤ects and the regressors. To deal with these issues, Farsi, Filippini, and Kuenzle (2005) and Filippini and Hunt (2012) propose to incorporate the Mundlak (1978) 's adjustment within the random e¤ects frontier framework. Under this approach, the random e¤ects model is augmented with the group means of time-varying regressors. By doing this, time-invariant unobserved factors are captured by the Mundlak (1978) 's adjustment rather than by the ine¢ ciency term, thus alleviating the bias in ine¢ ciency estimates.
An alternative approach is taken by Ahn, Lee, and Schmidt (2007) . The authors assume that …rms'ine¢ ciencies in (3) consist of a linear combination of m unobserved components, or factors, that vary over time and that are common to all units (or pervasive):
In the above, f 1t ; :::; f mt are the so-called unobserved common factors, or ine¢ ciency components, that are common to all countries, with m assumed to be small relative to N . The coe¢ cients i1 ; :::; im are known as factor loadings, and represent the sensitivity of crosssection units to movements in the factors. The above set up is very general, and renders a variety of regression models used in stochastic frontier analysis as special cases. For example, by setting m = 3, f 1t = 1, f 2t = t and f 3t = t 2 , this speci…cation reduces to the Cornwell, Schmidt, and Sickles (1990) model, while the familiar …xed or random e¤ects models correspond to the case where m = 1 and f 1t = 1. Ahn, Lee, and Schmidt (2007) suggest a Generalised Method of Moments estimator of (2)- (3) with e¢ ciencies (4), valid when N is large and T is …xed. We observe that, while the authors incorporate time dummies in their model, they do not include group e¤ects. A similar framework is also adopted by Kneip, Sickles, and Song (2003) , who propose a semiparametric estimation method based on smoothing spline techniques. The authors use this approach to explore the e¢ ciency of banking industry.
A number of recent studies have adopted the above speci…cation for stochastic frontier models, in the context of long panel data sets. Mastromarco, Serlenga, and Shin (2009) take a factor-based approach to model productivity di¤erentials across 24 OECD countries over the period . The authors applies the Pesaran (2006)'s Common Correlated E¤ects (CCE) method and propose to directly estimate the e¢ ciency components by using the crosssection averages of the dependent variable and regressors as proxies for the unobservable common e¤ects. A similar methodology is adopted by Mastromarco, Serlenga, and Shin (2013) , who assume that the time-varying technical ine¢ ciency consists of three components, a time-invariant individual e¤ects, a time trend, and a single common factor structure. The authors estimate technical e¢ ciency using a data set of the 18 EU countries over 1970-2004. A regression model with unobservable common factors is also adopted by Hsu, Lin, and Yin (2012) with data on 311 commercial banks from a set of OECD countries, and covering the period 1996-2009. The authors assume that the factor structure represents the technological progress, while setting u it in (3) as IID half normal. Hence, they adopt a CCE approach with the aim to …lter out the technological components. It is important to note that all existing studies on stochastic frontier models using long panels, ignore potential non-stationarity of the variables. However, it is well know that ignoring non-stationarity of the variables may lead to spurious statistical results. The existence of a long-run relationships should be tested to reduce the risk of …nding spurious conclusions.
The CCE has been widely used for estimating stochastic frontier modelling under the common factor approach. Indeed, this method is easy to apply, and it yields valid inferences on the slope coe¢ cients under general conditions, including when the unobservable common factors follow unit root processes and are possibly cointegrated (Kapetanios, Pesaran, and Yagamata (2011) ). One important assumption under this approach is that the regressors in (2) depend on the unobservable common factors via the following model:
where i are m k factor loading matrices with …xed components, and it are the distributed independently of f t . The CCE method approximates the unobservable factors by crosssection averages of the dependent and explanatory variables, namely, in our application,
e it , and
x it . Hence, Ordinary Least Squares (OLS) can be applied to the following auxiliary regression where the cross-section averages are included among the observed regressors:
Pesaran (2006) shows that estimation of the slope coe¢ cients is consistent under a set of general assumptions. However, consistent estimation of the unobservable common factors and their loadings through the cross-section averages is more problematic. In fact, the relationship between the loadings of the unobservable common factors, ij , and the loadings attached to the cross-section averages, i and # ij in the auxiliary regression (6), is not straightforward. In the presence of a single common factor (i.e., when m = 1), the factor loadings can be recovered from i and # ij (see Mastromarco, Serlenga, and Shin (2013) ). However, when m > 1, the relationship is much more complicated, and the factor loadings cannot be not easily recovered from the loadings attached to the cross-section averages.
For stochastic frontier modelling we are mostly interested in a method that delivers simple, consistent estimation of common factors and their loadings in (4), and that is valid for any …nite m.
From the above discussion it is evident that there exists a large variety of assumptions and methods proposed in the literature to model productive e¢ ciency. The common factor speci…cation (4), …rstly proposed by Ahn, Lee, and Schmidt (2007) in the context of stochastic frontier modelling seems the most general approach, as it encompasses many other speci…cations as special cases. However, the CCE often adopted in empirical work does not seem the most appropriate method for estimating technical ine¢ ciency under this framework.
We next present our framework, which is a generalisation of Ahn, Lee, and Schmidt (2007) approach to deal with the case of long panels.
The framework
Consider the following model e it = d i t + 0 x it + u it + v it ; i = 1; 2; :::; N ; t = 1; 2; :::; T;
where d i t are country-speci…c time trends that account for di¤erences across countries in technological factors, and x it is a k 1 vector of observed individual speci…c regressors. In this paper, we use the following general speci…cation for technical e¢ ciency
Hence, e¢ ciency is given by the sum of a time-invariant component, i , plus a linear combination of m unobservable time e¤ects, having coe¢ cients that vary across countries. Following recent literature on panel data with cross-sectionally dependent errors, we allow the unobservable common factors and/or factor loadings to be correlated with the included regressors, x it . Di¤erently from this literature, under our approach the common factors are not regarded as a nuisance element, but rather important components of …rms'/countries'e¢ ciency that need to be consistently estimated. To this end, we will adopt the interactive-e¤ects estimator by Bai (2009) . This is the solution of the following set of non-linear equations:
where X i = (x i1 ; x i2 ; :::;
0 , andV is a diagonal matrix with them largest eigenvalues of the matrix in the square brackets, arranged in decreasing order. In practise, this method alternates principal components analysis applied to OLS residuals and least squares estimation several times, until convergence. Given that the panel covers a long time span, we allow e it and x it to be non-stationary, and investigate whether there exists a cointegration relation among our variables. This will be achieved by testing whether the unobservable common factors, f t , and/or idiosyncractic component, v it , are non-stationary, in the context of model (7)- (8), by adopting the cointegration test for panels with I(1) regressors proposed by Bai and Carrion-i-Silvestre (2013) . This approach consists of carrying the following steps:
1. Transform all variables in equation (7) into their …rst-di¤erences, to make them stationary, and then express them in deviations from their temporal mean, to get rid of group-speci…c trends. Let
where e i = ( e i2 ; e i3 ; :::; e iT ) 0 , X i = ( x i2 ; x i3 ; :::; x iT ) 0 and M = I T 1 T 1 1 T 1 1 0 T 1 , be the dependent variable and regressors …rst-di¤erenced and demeaned (9)- (10) to the transformed variables, to obtain^ ,^ , andF = M F. De…neẑ it = e it ^ 0 x it ^ 0 if t 3. Estimate the common factors, f t , and idiosyncractic component, v it , by re-cumulatinĝ f t andẑ it , as follows:f
Apply the Bai (2009)'s interactive-e¤ects estimator outlined in equations
is ; t = 2; 3; :::; T
4. Construct test statistics based onf t andv it to test the null hypothesis of no cointegration. The idiosyncratic component can be tested for non-stationarity using the modi…ed Sargan-Bhargava (MSB) statistic:
where^ 2 i is an estimate of the long-run variance ofv it
it ,^ i (1) = P p j=1^ ij , and^ it , ij are obtained from the OLS estimation of v it = i0 v it + P p j=1 ij v i;t j + it . Hence, the individual statistics (12) can be combined using the standardized sample average of individual statistics which is N (0; 1) distributed (see Bai and Carrion-i-Silvestre (2013) for details). Similarly, if m = 1 (i.e., if there is a single common factor), we can construct a MSB unit root test statistic forf t
where the long-run variance,^ 2 f , can be estimated as described above. When the number of common factors is m > 1, f t can be tested for non-stationarity using the modi…ed Q statistics, (see Bai and Ng (2004) for details on the procedure).
In step 2, correlation of the regressors with common factors and factor loadings can be controlled by adding in the regression k 1 leads and k 2 lags of x it , k 1 and k 2 being two …nite scalars. Alternatively, instead of using interactive-e¤ects estimator (9)-(10), we suggest to use the CCE approach to estimate , obtain u it = e it ^ 0 x it and then apply the principal components analysis to extract g t = f t and associated loadings from u it . This computationally easier approach avoids including leads and lags of x it to control for potential endogeneity of the regressors and will be adopted in this paper when estimating e¢ ciency scores.
Estimation of the e¢ ciency component, u it , using speci…cation (8) involves estimation of the group coe¢ cients. This is achieved using the following formula:
Once u it is estimated, following Ahn, Lee, and Schmidt (2007) and Mastromarco, Serlenga, and Shin (2009) , we can compute a set of energy e¢ ciency scores for each country as follow:
which, in the case of speci…cation (8), iŝ
A score of zero indicates that a country on the frontier is zero per cent e¢ cient, while non-frontier countries receive scores above zero. The empirical implementation of the above estimation strategy is commented in the following sections.
Data
Our investigation uses annual data on a balanced panel of 24 OECD countries 2 followed over a period of 28 years, between 1980 and 2008 (hence, in this application, N = 24, T = 29). Following Filippini and Hunt (2011) , in our aggregate energy demand function we assume that x it = (y it ; p it ; ind it ; serv it ; temp it ; sdtemp it ) 0 ;
where y it is real per-capita GDP, p it is an index of real energy prices, ind it and serv it are the shares of value added of the industrial sector and service sector, respectively, measured as percentage of GDP, temp it is average monthly temperature, and sdtemp it is the standard deviation of monthly temperature within the year. Energy consumption (e it ) is measured as per-capita aggregate energy consumption, expressed in Tonnes of Oil Equivalent (TOE). Real per-capita GDP is expressed in thousand US dollars per person, while energy price is given by each country's index of real energy prices (2000=100). All regressors, except for climate variables, have been gathered from the IEA World Energy Statistics and Balances 3 . Average monthly temperature and its standard deviation have been computed using the CRUTEM4 global surface temperature data set from University of East Anglia's Climatic Research Unit (2013) . 4 This data set has temperature data in degrees Celsius at a monthly frequency for around 4,820 meteorological stations across the world, over the period 1900 to 2011.
For our empirical analysis, all variables have been transformed in natural logarithms. Descriptive statistics on the variables under study (not expressed in logs) are reported in Table 1 . 5 Empirical results Table 2 reports the Pesaran (2007) CIPS statistics for the variables under study for the lag orders p = 0; 1; 2; 3. The inclusion of lags allow us to control for possible serial correlation in the data. The bottom panel of the table reports results when the variables are expressed in their …rst-di¤erences. Energy consumption is non-stationary when adding an intercept and a linear trend in the CADF regression, for any choice of p, while the unit root is not reject for e it in the intercept only case, and when p = 0; 1. The non-stationarity properties of energy consumption have important implications for time series modelling of energy demand. Indeed, regressions involving I(1) variables will be spurious unless the variables are cointegrated. The non-stationarity properties of energy consumption have also important policy implications, given the impact of oil price shocks on macroeconomic variables linked to energy demand. Failure to reject the null hypothesis of non-stationarity implies that shocks to energy consumption will have permanent e¤ects, for example due to path dependency or hysteresis in energy demand equations. Hence, structural changes in the oil market, due for example to the oil price shocks in the '70s, will have permanent e¤ects on the energy consumed. Existing studies on the estimation of aggregate energy demand functions have yielded mixed results, depending on the size of the sample considered, and on the econometric methods adopted (for example, univariate vs panel unit root tests). Most studies employing univariate unit root tests have concluded that energy consumption is an I(1) process. When using panel data, a number of studies suggest the existence of unit root in per-capita energy consumption (see, among others, Huang (2011)), while other works support the hypothesis of stationary energy consumption (Narayan and Smyth (2007) ). As for per capita GDP and energy price, the test statistics reject the unit root hypothesis both in the intercept only, and in the intercept and trend cases, for any choice of p. The null hypothesis is clearly rejected when these variables are transformed in …rst-di¤erences. Given the trended nature of our variables, these results lead us to conclude that energy consumption, income and energy price are non-stationary. Our tests also point at the variables ind it and serv it as I(1) processes. However, we observe that these variables are bounded by construction. Recent studies suggest that conventional unit root tests applied to bounded variables are potentially unreliable, since they tend to over-reject the null hypothesis of a unit root, even asymptotically (see, for example, Cavaliere and F.Xu (2013) ). Our tests, however, indicate that these variables are stationary when transformed into …rst-di¤erences. Finally, as expected, the null hypothesis of a unit root is clearly rejected for the variable temp it and sdtemp it , both in the intercept only and in the intercept and trend cases, pointing at their stationarity. 
Panel unit root tests results

Estimation of the energy demand function
We now turn our attention to the estimation of the energy demand function. Table 3 reports results from the iterative PC estimator (9)-(10) (column I), the CCE Pooled estimator (column II), and the naive, …xed e¤ects (FE) estimator (column III). We observe that the iterative PC estimator is performed on the variables expressed in their …rst-di¤erence, as recommended by Bai and Carrion-i-Silvestre (2013) . Overall, our results show that, as expected, growth in income boosts energy consumption, while rises in energy prices slow it down. Estimated income elasticities indicate that one percent increase in income is associated to an average increase of 0.54 and 0.65 per cent in energy consumption for the iterative PC and CCE estimator, respectively. Under the factor approach, the climate variables signi…cantly impact on energy consumption, while under the naive estimator, which ignores the factor structure, these variables are not signi…cant. Table 3 also shows the estimated number of common factors in the residuals, using the Bai and Ng (2002) IC p2 model selection criterion, and setting m max = 5. The criterion suggests the presence of one unobservable common factor (i.e.,m = 1), when adopting either the interactive PC or the pooled CCE estimator.
5 Finally, the table reports the Bai and Carrion-i-Silvestre (2013) cointegration MSB statistics (12)- (13), suitable when b m = 1, on the estimated, re-cumulated common factor and idiosyncratic error. Both MSB f and MSB v reject the null hypothesis of non-stationarity of the common factor and idiosyncratic component, respectively, when using either the iterative PC or the pooled CCE estimator. Hence, these statistics point at the existence of a long-run relationship between energy consumption and included regressors. In addition, stationarity of the unobservable common factor indicate that in our sample low e¢ ciency countries tend to catch up in the long-run with more e¢ cient countries. 
Estimation of e¢ ciency scores
We now turn to the estimation of e¢ ciency scores using formula (17), which involves estimation of the country-speci…c e¤ects, i , using (14) . One problem related to the computation of the level of ine¢ ciency using the group e¤ects, is that time-invariant unobserved variables are considered as ine¢ ciency. In this study, in order to deal with this problem we follow Farsi, Filippini, and Kuenzle (2005) and Filippini and Hunt (2012) and apply the Mundlak (1978)'s adjustment. Such adjustment improve the precision of the ine¢ ciency estimates by separating ine¢ ciency from time-invariant unobserved heterogeneity. Speci…cally, we have regressed the estimatedû it on the time averages of the regressors, x i = T 1 P T t=1 x it , and then plugged the residuals from such regression into (17). Table 4 reports the time averages of e¢ ciency scores,^ i , where unobservable common factors are proxied by principal components (column I), and by the cross-section averages as in Mastromarco, Serlenga, and Shin (2009) and Mastromarco, Serlenga, and Shin (2013) (column II). As a comparison, the table also reports e¢ ciency scores obtained by assuming the conventional half normal distribution of u it in a …xed e¤ects model with time dummies (Column III) (see Filippini and Hunt (2011) , Table 5 ). In Column I, common factors have been obtained by following Step 1-2 above. We have also tried using the CCE approach in step 1 and obtained very similar results which are available upon requests. We observe that when using cross-section averages as proxies for the unobservable common factors, the average e¢ ciency scores are much lower then when using principal component analysis. Such result can be explained by the fact that the CCE approach, while estimating consistently the slope coe¢ cients, is not designed to estimate consistently the unobserved common factors and attached loadings. Results in column I points at countries from Europe, with an average e¢ ciency score of 0.791, as being the most e¢ cient in consuming energy, while non-European countries such as US, New Zeland and Korea have the lowest positions in the ranking with an average score of 0.673.
The middle panel of Table 4 provides a set of descriptive statistics for the overall underlying energy e¢ ciency estimates of the countries, showing that the average e¢ ciency is around 74 per cent when taking common factors into account, with a fair degree of variability around it. Finally, the bottom panel reports the correlation among the e¢ ciency scores. It is interesting to note that the scores under the PC approach are highly correlated with those under the CCE and under the Pooled model, while there is weaker correlation between the scores under the CCE approach and those with the Pooled model. 
Concluding remarks
From a methodological point of view, this paper has outlined an estimation strategy of a stochastic frontier model when N and T are both large. A panel data model with group e¤ects and unobservable common factors has been proposed and estimated using data on OECD countries over the years 1980 to 2008. This approach has not, as far is known, been attempted before. From a policy makers perspective, the indicators of energy e¢ ciency obtained using this approach can be used in addition to the simple measure of energy intensity.
It is important to stress some limitations of the proposed approach. First, technological advances may not be fully captured by the country-speci…c trends, and part of it may be incorporated in the common factors structure. Another limitation is that time-invariant heterogeneity across countries may not be fully captured by Mundlak adjustment, and hence, the estimated e¢ ciency component may be in ‡ated.
